Providing connectivity to unmanned aerial vehicle-user equipments (UAV-UEs), such as drones or flying taxis, is a major challenge for tomorrow's cellular systems. In this paper, the use of coordinated multi-point (CoMP) transmission for providing seamless connectivity to UAV-UEs is investigated. In particular, a network of clustered ground base stations (BSs) that cooperatively serve a number of UAVUEs is considered. Two scenarios are studied: scenarios with static, hovering UAV-UEs and scenarios with mobile UAV-UEs. Under a maximum ratio transmission, a novel framework is developed and leveraged to derive upper and lower bounds on the UAV-UE coverage probability for both scenarios.
wave (mmWave), and beamforming. For instance, in [14] , we proposed a MIMO conjugate beamforming scheme that can improve the cellular connectivity for UAV-UEs and enhance the system spectral efficiency. Moreover, the authors in [17] incorporated directional beamforming at aerial BSs to alleviate the strong LoS interference seen by their served UAV-UEs. However, while interesting, the works in [14] [15] [16] [17] [18] only considered scenarios of static UAV-UEs. Moreover, they did not consider the use of coordinated multi-point (CoMP) transmission for UAV-UEs, which is a prominent interference mitigation tool that can diminish the effect of LoS interference.
Unlike the static UAV assumptions in [13] [14] [15] [16] [17] [18] , the study of mobile UAVs has been conducted in [19] [20] [21] [22] [23] [24] [25] [26] [27] . Prior works in the literature followed two main directions pertaining to trajectory design for mobile UAVs. The first line of work focuses on deterministic trajectories, whereby a UAV is assumed to travel between two deterministic, possibly known, locations [19] [20] [21] . This type of trajectories can be used for path planning and mission-related metrics' optimization, e.g., mission time and achievable rates. For instance, the authors in [19] studied the problem of trajectory optimization for a cellular-connected UAV flying from an initial location to a final destination. Moreover, the work in [21] proposed an interference-aware path planning scheme for a network of cellular-connected UAVs based on deep reinforcement learning.
The second line of work in [22] [23] [24] considers stochastic trajectories in which the movements of UAVs are characterized by means of stochastic processes. This type of trajectories is usually adopted in the study of communication and mobility-related metrics such as coverage probability and handover rate. For example, in [22] , the authors proposed a mixed random mobility model that characterizes the movement process of UAVs in a finite three-dimensions (3D) cylindrical region. The authors characterized the GUE coverage probability in a network of one static serving aerial BS and multiple mobile interfering aerial BSs. The authors extended their work in [23] such that both serving and interfering aerial BSs are mobile. Meanwhile, the authors in [24] showed that an acceptable GUE coverage can be sustained if the aerial BSs move according to certain stochastic trajectory processes. However, while interesting, these mobility models can only describe the motions of aerial BSs deployed in a bounded cylindrical region in space. In contrast, cellular-connected UAV-UEs such as flying taxis and delivery drones would have very long trajectories that cross multiple areas served by different BSs.
Ensuring reliable connectivity for such mobile UAV-UEs is of paramount importance for the control and operations of UAV systems. In this regard, the mobility performance of cellularconnected UAVs has been studied in recent works [25] [26] [27] . In [25] , the authors quantified the impact of handover on the UAV-UE throughput, assuming that no payload data is received during the handover procedures. Meanwhile, in [26] , based on system-level simulations, it is revealed that high handover rate is encountered when the UAV-UE moves through the nulls between sidelobes of the BS antennas. Moreover, based on experimental trials, in [27] , the authors showed August 22, 2019 DRAFT that under the strongest received power association, drones are subject to frequent handovers once the typical flying altitude is reached. However, the results presented in these works are based on simulations and measurements.
While there exist some approaches in the literature to improve the cellular connectivity for UAV-UEs [14] [15] [16] [17] [18] , none of these works studied the role of CoMP transmission as an effective interference mitigation tool to support the UAV-UEs. Moreover, these works only considered scenarios of static UAV-UEs. Furthermore, while the authors in [25] [26] [27] studied the performance of mobile UAV-UEs, their results were based on system simulations and measurement trials.
Particularly, a rigorous analysis for mobile UAV-UEs to quantify important performance metrics such as coverage probability and handover rate is still lacking in the current state-of-the-art. To our best knowledge, this paper provides the first rigorous analysis of CoMP transmission for both static and 3D mobile UAV-UEs, where a novel 3D mobility model is also provided.
B. Contributions
The main contribution of this paper is a novel framework that leverages CoMP transmissions for serving cellular-connected UAVs, and develops a novel mobility model that effectively captures the 3D movements of UAV-UEs. We propose a maximum ratio transmission (MRT) scheme aiming to maximize the desired signal at the intended UAV-UE, and, hence, the performance of cellular communication links for the UAV-UEs can be improved. In particular, we consider a network of disjoint clusters in which BSs in one cluster collaboratively serve one UAV-UE within the same cluster via coherent CoMP transmission. For this network, we consider two key scenarios, namely, static and mobile UAV-UEs. Using Cauchy's inequality and Gamma approximations, we develop a novel framework that is then leveraged to derive tight upper bound (UB) and lower bound (LB) on the UAV-UE coverage probability for both scenarios.
Moreover, for mobile UAV-UEs, we analytically characterize the handover rate, and handover probability based on a novel 3D mobility model. We further quantify the negative impact of the UAV-UEs' mobility on their achievable performance.
Our results reveal that the achievable performance of UAV-UEs heavily depends on the UAV-UE altitude, UAV-UE velocity, and the collaboration distance, i.e., the distance within which the UAV-UE is cooperatively served from ground BSs. Moreover, while allowing CoMP transmission substantially improves the UAV-UEs' performance, it is shown that their performance is still upper bounded by that of GUEs due to the down-tilt of the BS antennas and the encountered LoS interference. Additionally, results on mobile UAV-UEs unveil that the spatial displacements of UAV-UEs jointly with their vertical motions affect their handover rate and handover probability.
Moreover, while the UAV-UE spatial movements considerably impact its coverage probability (due to handover), the effect of the UAV-UE vertical displacements is marginal if the UAV-UE fluctuates around the same mean altitude. Overall, cooperative transmission is shown to UAV-UEs can be either hovering at a fixed altitude h d or flying within minimum and maximum altitudes h1 and h2, respectively.
In (b), the clusters are defined by a hexagonal grid, wherein BSs (orange diamonds) are distributed according to a homogeneous PPP and the UAV-UEs (black stars) are hovering above the centers of disjoint clusters.
be particularly effective for high altitude UAV-UEs that are susceptible to adverse interference conditions, which is the case in a variety of drone applications.
The rest of this paper is organized as follows. Section II and Section III present, respectively, the system model and the coverage probability analysis for static UAV-UEs. Section IV develops a novel 3D mobility model and Section V studies the performance of 3D mobile UAV-UEs.
Numerical results are presented in Section VI and conclusions are drawn in Section VII.
II. SYSTEM MODEL We consider a terrestrial cellular network in which BSs are distributed according to a twodimensions (2D) homogeneous Poisson point process (PPP) Φ b = {b i ∈ R 2 , ∀i ∈ N + } with intensity λ b . All BSs have the same transmit power P t , and are deployed at the same height h BS . We consider a number of high altitude cellular-connected UAV-UEs that can be either static or mobile based on the application. Particularly, the UAV-UEs are either hovering or moving at altitudes higher than the BS heights. We consider a cluster-centric UAV-UE model in which BSs are grouped into disjoint clusters modeled using a hexagonal grid with an inter-cluster center distance equal to 2R h , see Fig. 1 . The area of each cluster is hence given by A = 2 √ 3R 2 h . For analytical convenience, we approximate the cluster area to a circle with the same area, i.e., with collaboration distance R c where πR
BSs belonging to the same cluster can cooperate to serve one UAV-UE within their cluster to mitigate the effect of LoS interference and, hence, enhance the UAV-UE cellular connectivity.
A. Channel Model
We consider a wireless channel that is characterized by both large-scale and small-scale fading.
For the large-scale fading, the channel between BS i and an arbitrary UAV-UE is described by the LoS and non-line-of-sight (NLoS) components, which are considered separately along with their probabilities of occurrence [28] . This assumption is apropos for such ground-to-air (GTA) channels that often exhibit LoS communication (e.g., see [13] and [29] ).
For small-scale fading, we adopt a Nakagami-m v model as done in [13] for the channel gain, whose probability distribution function (PDF) is given by:
where m v , v ∈ {l, n}, is the fading parameter which is assumed to be an integer for analytical tractability, with m l > m n . In the special case when m n = 1, Rayleigh fading is recovered with an exponentially distributed instantaneous power, which can be used for the performance evaluation of ground users. Given that ω ∼ Nakagami(m v ), it directly follows that the channel
is a Gamma random variable (RV) with K and θ denoting the shape and scale parameters, respectively. Hence, the PDF of channel power gain distribution will be:
3D blockage is characterized by the fraction a of the total land area occupied by buildings, the mean number of buildings η per km 2 , and the height of buildings modeled by a Rayleigh PDF with a scale parameter c. Hence, the probability of having a LoS communication from a BS at horizontal-distance r i from an arbitrary UAV-UE is given, similar to [25] and [29] , as:
where h represents the difference between the UAV-UE altitude and BS height, which depends on whether the UAV-UE is static or mobile, and m = r i √ aη 1000 − 1 . Different terrain structures and environments can be considered by varying the tuple (a, η, c). As previously discussed, the performance of relatively high-altitude UAV-UEs is limited by the LoS interference they encounter and reduced serving antenna gain (from the antennas' side-lobes). We hence propose a multi-BS cooperative transmission scheme that mitigates inter-cell interference and, thus, improves the performance of high-altitude UAV-UEs. Hence, the antenna gain plus path loss for each component, i.e., LoS and NLoS, will be
where d i is the communication link distance, v ∈ {l, n}, α l and α n are the path loss exponents for the LoS and NLoS links, respectively, with α l < α n , and A l and A n are the path loss constants at the reference distance d i = 1 m for the LoS and NLoS, respectively. G s is the antenna directivity gain of side-lobes between BS i and an arbitrary UAV-UE since, at such high altitudes, UAV-UEs are served by the side-lobes of BS antennas [11] . The BS vertical antenna pattern is directional and typically down-tilted to account for GUEs. Given this setup, it is reasonable to assume that UAV-UEs are always served from the antennas' side-lobes while the GUEs are served from the antennas' main-lobes with antenna gains G s and G m , respectively, where G s G m .
Having defined our system model, next, we will consider two scenarios: Static UAV-UEs and mobile UAV-UEs. For each scenario, we will characterize the coverage probability of high altitude UAV-UEs that are collaboratively served from BSs within their cluster. The performance of collaboratively-served UAV-UEs is then compared to their terrestrial counterparts and to UAVUEs under the nearest association scheme. Moreover, we will characterize the handover rate for mobile UAV-UEs and quantify the negative impact of mobility on their achievable performance.
III. COVERAGE PROBABILITY OF STATIC UAV-UES
Hovering drones can provide appealing solutions for a wide range of applications such as traffic control and surveillance [30] . We here assume static UAV-UEs that hover at a fixed altitude h d , (1) and (2) . We also assume that BSs within one cluster cooperatively serve one UAV-UE whose projection on the ground is at the cluster center. Note that assuming such a cluster-center UAV-UE is mainly done for tractability, but its performance can be seen as an UB on the performance of a randomly located UAV-UE inside the cluster [31] . Given that a PPP is translation invariant with respect to the origin, for simplicity, we conduct the coverage analysis for a UAV-UE located at the origin in R 2 , referred to as the typical UAV-UE [32] . Next, we first characterize the serving distance distribution, and then, we employ it to derive upper and lower bounds on the coverage probability of static UAV-UEs.
A. Serving Distance Distributions
Under the condition of having κ serving BSs in the cluster of interest, the distribution of incluster BSs will follow a binomial point process (BPP) [32] . This BPP consists of κ uniformly and independently distributed BSs in the cluster. The set of cooperative BSs is defined as Φ c = {b i ∈ Φ b ∩ B(0, R c )}, where B(0, R c ) denotes the ball centered at the origin (0, 0) ∈ R 2 with radius R c . Recall that the typical UAV-UE is located at the origin in R 2 , i.e., (0, 0,
distances from the cooperative BSs to the typical UAV-UE are represented by
Then, conditioning on R κ = r κ , where r κ = [r 1 , . . . , r κ ], the conditional joint PDF of the serving distances is f Rκ (r κ ). The κ cooperative BSs can be seen as the κ-closest BSs to the cluster center from the PPP Φ b . Since the κ BSs are independently and uniformly distributed in the cluster approximated by B(0, R c ), the PDF of the horizontal distance from the origin to BS i will be: 
B. Performance of UAV-UEs
Under the condition of having κ serving BSs, the received signal at the UAV-UE will be:
where the first term represents the desired signal from κ collaborative BSs with P 2 v (r i ) = P t ζ v (r i ), v ∈ {l, n}, ω i being the Nakagami-m v fading variable of the channel from BS i to the UAV-UE, w i is the precoder used by BS i, and Y 0 is the channel input symbol that is sent by the cooperating BSs. The second term represents the inter-cluster interference, whose power is denoted as I out , where Y j is the transmitted symbol from interfering BS j and u j is the horizontal distance between interfering BS j and the UAV-UE; Z is a circular-symmetric zero-mean complex Gaussian RV that models the background thermal noise.
As discussed earlier, UAV-UEs exhibit a LoS component which becomes dominant at relatively high altitudes. The LoS probability in (1) represents a delta function that goes from one to zero as r i increases. This implies that the probability of LoS communication from close BSs is higher than that of remote BSs. Hence, we consider that the desired signal is dominated by its LoS component where v = l, m v = m l , and P v (r i ) = √ P t ζ l (r i ) 0.5 . However, for the interfering signal, both LoS and NLoS components exist and, thus, we have:
This is due to the fact that, as the LoS probability decreases with the interfering distance u j , the LoS assumption becomes less practical for far but interfering BSs.
We assume that the channel state information (CSI) is available at the serving BSs. Hence, MRT can be adopted by BSs to maximize the received power at the typical UAV-UE. For the MRT, we have the precoder w i set as
, where ω * i is the complex conjugate of ω i . Assuming that Y 0 and Y k in (3) are independent zero-mean RVs of unit variance, and neglecting the thermal noise, the conditional SIR at the typical UAV-UE will then be:
where Υ |rκ is conditioned on the number of collaborative BSs κ, and on R κ = r κ . In (4), we
representing the square of a weighted sum of κ Nakagami-m l RVs.
Since there is no known closed-form expression for a weighted sum of Nakagami-m l RVs, we use the Cauchy-Schwarz's inequality to get an UB on a square of weighted sum as follows:
where
l (r i )ω i is a scaled Nakagami-m l RV, and i ∈ K f . Since ω i ∼ Nakagami(m l ), from the scaling property of the Gamma PDF,
To get a tractable statistical equivalence of a sum of κ Gamma RVs with different scale parameters θ i , we adopt the method of sum of Gammas second-order moment match proposed in [33, Proposition 8] . It is shown that the equivalent Gamma distribution, denoted as J ∼ Γ(K, θ), with the same first and second-order moments has the following parameters:
The accuracy of the Gamma approximation can be easily verified via numerical simulations that are omitted due to space limitations. For tractability, we further upper bound the shape parameter K using the Cauchy-Schwarz's inequality as:
where, by definition, m l κ is integer. We shall also see shortly the tightness of this UB.
Next, we derive UB and LB expressions on the UAV-UE coverage probability. Our developed approach is novel in the sense that it adopts the Cauchy-Schwarz's inequality and moment match of Gamma RVs to characterize an UB on the coverage probability, which is difficult to obtain exactly. The UAV-UE coverage probability conditioned on R κ = r κ is given by
where (a) follows from the Cauchy-Schwarz's inequality, (b) follows from the Gamma approximation and rounding the shape parameter K = m l κ, and ϑ is the SIR threshold. The coverage probability can be obtained as a function of the system parameters, particularly, the Nakagami fading parameter and collaboration distance, as stated formally in the following theorem.
Theorem 1. An UB on the coverage probability of UAV-UEs cooperatively served from BSs within a collaboration distance R c can be derived as follows:
where the conditional coverage probability P l c|r = e T K 1 , . 1 represents the induced 1 norm, and T K is the lower triangular Toeplitz matrix:
, and = ϑ/κP t θ.
Proof. Please see Appendix A. 1 The main steps towards tractable coverage are summarized as follows [34] : We first derive the conditional log-Laplace transform Ω( ) |rκ of the aggregate interference. Then, we calculate the i-th derivative of Ω( ) |rκ to populate the entries t i of the lower triangular Toeplitz matrix T K . The conditional coverage probability can be then computed from
Important insights on the coverage probability can be obtained from (8) . First, if the collaboration distance R c increases, both the probability P(n = κ) and the integrand value in (8) increase, and, thus, the coverage probability grows accordingly. Furthermore, the effect of the BS density λ b on the coverage probability is two-fold. On the one hand, the average number of BSs increases with λ b as characterized by P(n = κ), which results in a higher desired signal power.
On the other hand, this advantage is counter-balanced by the increase in (LoS) interference power when λ b increases, as captured in the decaying exponential functions in (30) . Additionally, this compact representation, i.e., P l c|r = e T K 1 , leads to valuable system insights. For instance, the impact of the shape parameter K = κm l on the intended channel gain Γ(K, θ) is rigorously captured by the finite sum representation in (28) of Appendix A, which is typically related to the collaboration distance R c and the Nakagami fading parameter m l .
Next, we derive an LB on the coverage probability, which will lead to closed-form expressions for t k , i.e., the entries populating T K in (8) . Given the high-altitude assumption of UAV-UEs, we will consider a special case when interfering BSs have dominant LoS communications to the typical UAV-UE, i.e, P l (ν) = 1 and P n (ν) = 0 in (8) . Since this case results in higher interference power, this yields the derived coverage probability LB.
Corollary 1. An LB on the coverage probability of the UAV-UEs can be computed from (8),
, and the entries of T K are given in closed-form expressions as
.} is the indicator function, and 2 F 1 (·, ·; ·; ·) is the ordinary hypergeometric function.
Proof. Please see Appendix B. For comparison purposes, next, we derive the UAV-UE coverage probability under the nearest association scheme.
Corollary 2. The coverage probability of the UAV-UEs under the nearest association scheme is:
, and f R 0 (r 0 ) = 2πλ b r 0 e −πλ b r 2 0 is the 2D serving distance PDF.
Proof. The proof follows directly from [13] and Theorem 1, and hence is omitted for brevity.
To verify the accuracy of our proposed approach, in Fig. 2 , we show the theoretical UB and LB on the coverage probability of the UAV-UEs, and simulation of the UB based on (5). Fig. 2(a) shows that the Cauchy's inequality-based UB is remarkably tight. Moreover, although the obtained UB expression in (8) is less tight, it still represents a reasonably tractable bound on the exact coverage probability. Hence, (8) can be treated as a proxy of the exact result. Recall that (5) is based on an UB on a square of a sum of Nakagami-m l RVs while the expression in (8) goes further by two more steps. First, we approximate the sum of Gamma RVs to an equivalent Gamma RV. Then, we round the shape parameter of the yielded Gamma RV to an integer m l κ.
Finally, the LB based on (9) can be also seen as a relatively looser bound than the UBs. As evident from Fig. 2 , allowing CoMP transmission significantly enhances the coverage probability, e.g., from 28% for the baseline scenario with nearest serving BSs to 60% at ϑ = −5 dB (for an average of 2.5 cooperating BSs). In Fig. 2 , the performance of UAV-UEs is also compared to that of their ground counterparts experiencing Rayleigh fading and NLoS communications.
We assume that the BSs' antennas are ideally down-tilted accounting for the GUEs, i.e., the antenna gains for desired and interfering signals are G m and G s , respectively. Under such a setup, we observe that the coverage probability of GUEs substantially outperforms that of UAVUEs, especially at high SIR thresholds. Fig. 2(b) shows the prominent effect of the collaboration distance R c on the coverage probability of ground and aerial UEs. We can see that for both kind of UEs, the coverage probability monotonically increases with R c since more BSs cooperate to serve the UEs when R c increases. Moreover, due to the down-tilt of the BSs' antennas and LoS-dominated interference for UAV-UEs, the coverage probability of GUEs outperforms that of the UAV-UEs. However, we can see that the rate of coverage probability improvement with R c , i.e., the slope, is higher for the UAV-UE. This can be interpreted by the fact that increasing R c yields more LoS signals within the desired signal side and subtracts them from the interference.
Conversely, for GUEs, the transmission is dominated by NLoS signals and Rayleigh fading.
Having characterized the performance of static UAV-UEs, next, we turn our attention to applications in which the UAV-UEs can be mobile. It is anticipated that mobile UAV-UEs will span a wide variety of applications, e.g., flying taxis and delivery drones. Hence, it is quite important to ensure reliable connections in the presence of UAV-UE mobility by potentially mitigating the LoS interference through CoMP transmissions. Moreover, unlike the GUEs that can only move horizontally, UAV-UEs can fly in 3D space. Hence, a 3D mobility model is essential to convey a realistic description of the performance of mobile UAV-UEs. As a first step in this direction, we develop a novel 3D random waypoint (RWP) mobility model that effectively captures the vertical displacement of UAV-UEs, along with their typical 2D spatial mobility. The use of RWP mobility is motivated by its simplicity and tractability that is widely adopted in the mobility analysis in cellular networks [35] [36] [37] [38] . Moreover, as we will discuss shortly, it has tunable parameters that can be set to appropriately describe the mobility of different mobile nodes, ranging from walking or driving users to 3D UAVs, [23] and [38] .
IV. 3D MOBILITY AND HANDOVER ANALYSIS
Next, a novel 3D RWP model is presented to describe the motions of UAV-UEs. We first illustrate the various elements of our proposed model. Then, we characterize the handover rate and handover probability for mobile UAV-UEs. Since we introduce the first study on 3D mobile UAV-UEs, for completeness, we consider two cases: UAV-UEs under CoMP transmissions, and UAV-UEs served by the nearest GBS.
In the classical 2D mobility model, the spatial motion is considered only through a displacement and an angle. However, for the UAV-UE, due to the mission requirements, and environmental and atmospherical conditions, the UAV-UEs must change their altitude and make vertical motions. For instance, due to variations in the altitudes of buildings, UAV-UEs might have frequent up and down displacements along their trajectories. Indeed, the vertical motion is always associated with the take-off and landing of UAV-UEs. This inherently triggers the concept of 3D mobility in 3D space. 2 First, recall that in a classical RWP mobility model [35] [36] [37] [38] , the movement trace of a node (e.g., the UAV-UE) can be formally described by an infinite sequence of tuples:
∀X n ∈ R 3 , and n ∈ N, where n is the movement epoch and X n = ( n , φ n , z n ) is the 3D cylindrical displacement of the UAV-UE at epoch n, see Fig. 3 . During the n-th movement epoch, X n−1 denotes the starting waypoint, X n denotes the target waypoint, and V n is the velocity. For simplicity, we assume that the UAV-UE moves with a constant velocityν. However, further extensions to generalized PDFs of the velocity directly follow by the same methodology of analysis. Given the current waypoint X n−1 , the next waypoint X n is chosen such that the included angle φ n between the projection of the vector X n−1 − X n on the x-y plane and the abscissa is uniformly distributed on [0, 2π]. We define the transition length as the Euclidean distance between two 3D successive waypoints, i.e., u n = X n −X n−1 = 2 n + (z n − z n−1 ) 2 . Furthermore, the vertical displacement between two consecutive points, i.e., the change in z-axis, is also distributed according to a RV. We also let ϕ n be the acute angle of U n = X n − X n−1 relative to the horizontal line ρ n .
For simplicity, the selection of waypoints is assumed to be independent and identical for each movement epoch [36] . Particularly, similar to [38] , the horizontal transition lengths {ρ 1 , ρ 2 , . . . } are chosen to be i.i.d. with the cumulative distribution function (CDF) F ρn ( n ) = 1−exp(−πµ 2 n ), i.e., the spatial transition lengths are Rayleigh distributed in R 2 with mobility parameter µ. The corresponding displacement PDF is hence f ρn ( n ) =
n . As also done in 2 We assume that the UAV-UEs are sparsely deployed such that there are no imposed constraints on the trajectories of different UAV-UEs. The analysis of multiple trajectories with such constraints is interesting but beyond the scope of this paper.
[23] and [22] , we adopt a uniform distribution for the vertical displacement, however, the analysis for generalized PDFs can readily follow. In particular, we assume that Z n is uniformly distributed
We henceforth refer to = h 2 − h 1 as altitude difference. Since the major restrictions of all drones' operations are their flying altitudes, it is reasonable to assume that Z n is bounded by h 1 and h 2 . For instance, UAVs cannot fly higher than certain altitudes (above ground level (AGL)) that are typically chosen below the cruising altitude of manned aircrafts. The UAVs also have an inherent minimum altitude of zero AGL. However, due to mission requirements as well as environmental and atmospherical conditions, it is reasonable to assume h 1 > 0. We further assume that h 1 > h BS for a high altitude UAV-UEs scenario. Finally, for the 3D displacement, we have u n = 2 n + (z n − z n−1 ) 2 . Since U n , ρ n , or Z n are i.i.d. RVs among different time epochs, we henceforth omit the epoch index.
Given the independence assumption between Z and ρ, we obtain their joint PDF from f ρ,Z ( , z) = where
πµ 2
, and erfi(.) =
Proof. We can reach this result by transforming the RVs Z n , Z n−1 , and ρ n to U n , where u n = 2 n + (z n − z n−1 ) 2 , with the details omitted due to space limitations.
Remark 1.
If h 1 = h 2 , it can be easily verified that lim →0 Ω(µ, ) → 1, and f U (u) = 2πµue −πµu 2 . This shows that if the UAV-UE moves only along a horizontal plane, the PDF of the 3D displacement distance is reduced to its 2D counterpart, which verifies the correctness of the obtained 3D displacement distribution f U (u).
Having described the various elements of our proposed 3D RWP model, our immediate objective is to characterize the handover rate and handover probability for mobile UAV-UEs under CoMP transmissions and nearest association.
A. Handover Rate and Handover Probability for Nearest Association
Assume that a mobile UAV-UE is located at X n−1 and let X n−1 and X n be two arbitrary successive waypoints. The handover rate is defined as the expected number of handovers per unit time. Hence, inspired from [38] , we can compute the handover rate as follows. We first condition on an arbitrary position of the mobile UAV-UE X n = x n , and a given realization of the Poisson-Voronoi tessellation Φ b . Subsequently, the number of handovers will be equal to the number of intersections of the UAV-UE trajectory and the boundary of the PoissonVoronoi tessellation. Then, by averaging over the spatial distribution of X n and the distribution of Poisson-Voronoi tessellation, we derive the expected number of handovers. Alternatively, we notice that the number of handovers is equivalent to the number of intersections of the PoissonVoronoi tessellation and the horizontal projection of the segment X n−1 , X n on the x-y plane.
Therefore, following [38] [39] [40] , the expected number of handovers during one movement epoch
The handover rate is then the ratio of the expected number of handovers during one movement E N to the mean time of one transition movement E T . Since we have
, where
, then, the handover rate will be:
Remark 2. Unlike the handover rate for 2D RWP [38] [39] [40] , H in (11) is a function of the mobility parameter µ through Ω(µ, ). This captures the fact that, in the case of an UAV-UE, since each stochastically generated horizontal displacement is accompanied with a vertical one, the handover rate depends on µ that affects the vertical displacement switch rates.
Next, to characterize the coverage probability of mobile UAV-UEs, we use the concept of handover probability. Similar to [40] and [41] , given the current location of a mobile UAV-UE, the handover probability is defined as the probability that there exists a BS closer than the serving BS after a unit time. From Fig. 4(a) , for two arbitrary consecutive waypoints X n−1 = ( n−1 , φ n−1 , z n−1 ) and X n = ( n , φ n , z n ), the horizontal speed of the UAV-UE from waypoint X n−1 to waypoint X n is ν h =νcos(ϕ n ), where ϕ n = arccos
It is also assumed that the angle φ n is taken with respect to the direction of connection as shown in Fig. 4(a) . Define q n−1 and q n in R 2 as the horizontal projections of X n−1 and the location reached by the UAV-UE after a unit time, respectively. Fig. 4(a) illustrates that the UAV-UE is first associated with its nearest BS located at q 0 , i.e., there are no BSs in the ball of radius r 0 = q n−1 − q 0 centered at q n−1 . Using the law of cosines, q n is at distance R = r 2 0 + (νcos(ϕ n )) 2 + 2r 0 (νcos(ϕ n ))cos(φ n ) from the BS located at q 0 .
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The handover occurs only if another BS becomes closer to q n than the serving BS located at q 0 , i.e., when there is at least one BS in the shaded area in Fig. 4(a) . Therefore, given {r 0 , z n−1 , z n , n , φ n }, the conditional probability of handover is P(H|r 0 , z n−1 , z n , n , φ n )
where (a) follows from the void probability of PPP. B(q n , R) represents the ball with radius R centered at q n and B(q n−1 , r 0 ) is excluded from B(q n , R) since the BS located at q 0 is the nearest BS to q n−1 . Finally, averaging over Z n−1 , Z n , ρ n , and φ n , where φ n ∼ U(0, 2π), we get P(H|r 0 ) = 1 − E ρn,Zn,Z n−1 ,φn e −πλ b (νcos(ϕn)) 2 +2r 0 (νcos(ϕn))cos(φn) .
For the special case in which the UAV-UE moves radially away from the serving BS, i.e., φ n = 0, next, we obtain a tractable yet accurate UB on the handover probability. This assumption is reasonable, particularly, if the UAV-UE follows a horizontally-direct path subject only to vertical fluctuations due to mission, environmental, and atmospheric conditions. Lemma 2. An UB on the conditional probability of handover is given by
where ψ(µ, ) = π 2 µG 
and ζ(µ, ) =ν
Proof. Please see Appendix C.
From (14), it is intuitive to see that P(H|r 0 ) increases withν and λ b because there will be a higher probability of handover when the UAV-UE velocity is higher, and the network is denser. Moreover, P(H|r 0 ) decreases as the term µ 2 increases. This reveals important insights on the effect of the altitude difference and the density µ. Particularly, the handover probability decreases when the UAV-UE jointly has higher direction switch rates (higher µ) and larger altitude difference . Next, we obtain the handover rate for UAV-UEs under CoMP transmissions.
B. Inter-CoMP Handover Rate and Handover Probability
We define the number of handovers E[N ] as the number of intersections of the horizontal projection of the segment X n−1 , X n and the boundaries of disjoint clusters whose inter-cluster center distance is 2R h , as discussed in Section II. The hexagonal cell has six sides of length
. Following the Buffon's needle approach for hexagonal cells [40] , we next obtain the inter-CoMP handover rate.
Proposition 1. The inter-CoMP handover rate for a network of disjoint clusters whose intercluster center distance is 2R h is given by
Proof. Please see Appendix D.
We now characterize the UAV-UE inter-CoMP handover probability. To keep the analysis simple, we consider a special case in which the UAV-UE moves perpendicularly to the intercluster boundaries, as shown in Fig. 4(b) . As discussed in Section IV-A, this is a practical assumption for a UAV-UE that follows a horizontally straight path subject only to vertical fluctuations. Moreover, since these boundaries represent virtual borders between disjoint clusters, the assumption that such boundaries are in a direction perpendicular to the UAV-UE trajectory is quite reasonable. Hence, the UAV-UE moves by a horizontal distanceνcos(ϕ n ) in a unit of time in a direction perpendicular to the inter-cluster boundaries. A handover occurs if this travelled horizontal distance is larger than the distance o to the cluster side, formally stated as
where (a) follows from solving the integral of (17), (b) follows from change of variables p = z n − z n−1 , with f P (p) = −|p| 2 , − ≤ p ≤ , and (c) follows from taking the expectation with respect to (w.r.t.) p. Recall that O is a RV that models the distance between the UAV-UE and the inter-cluster boundaries. Averaging over
we get P(H).
However, we observe that if o >ν, the handover probability will be zero since the UAV-UE can not travel the distance o in a unit of time, hence, we have
Fig . 5 verifies the accuracy of the obtained handover probabilities. Fig. 5(a) presents the handover probability versus BSs' intensity λ b under the nearest association scheme. The figure shows August 22, 2019 DRAFT that the obtained UB in (14) is quite tight. It is also noted that as long as the UAV-UE has frequent vertical movements, i.e., larger , the handover probability is lower since the effective horizontal travelled distance becomes shorter. The handover probability also monotonically increases with λ b since a higher rate of handover occurs for denser networks. Fig. 5(b) shows the inter-CoMP handover probability versus the inter-cluster center distance 2R h . The handover probability monotonically decreases with R h since a lower rate of handover is anticipated when the cluster size increases. Next, we will use our proposed RWP model to obtain the coverage probability of 3D mobile UAV-UEs under the nearest association and CoMP transmission schemes.
V. COVERAGE PROBABILITY OF MOBILE UAV-UES
Next, we will use the obtained handover probabilities in (14) and (20) to quantify the coverage probability of mobile UAV-UEs under the nearest association and CoMP transmissions, respectively. It is worth highlighting that (8) represents the probability that a static UAV-UE is in coverage with neither mobility nor handover considered. However, mobile UAV-UEs are susceptible to frequent handovers that would negatively impact their performance. For instance, handover typically results in dropped connections and causes longer service delays. In fact, higher handover rates lead to a higher risk of quality-of-service (QoS) degradation.
To account for the user mobility, similar to [40] [41] [42] , we consider a linear function that reflects the cost of handovers. Under this model, the UAV-UE coverage probability can be defined as:
where the first term represents the probability that the UAV-UE is in coverage and no handover occurring. Besides, the second term is the probability that the UAV-UE is in coverage and handover occurs penalized by a handover cost, where β ∈ [0, 1] represents the probability of connection failure due to handover. The coefficient β, in effect, measures the system sensitivity to handovers, which highly depends on the hysteresis margin and ping-pong rate [39] [40] [41] [42] . Our goal is to obtain the coverage probability of a mobile UAV-UE for a given handover penalty β [40] . After some manipulations, we can rewrite (21) as
To obtain P c (ν, µ, β), we first need to calculate the statistical distribution of the UAV-UE altitude for our proposed 3D mobility model. As shown in Fig. 3(b) , the 3D mobility model defines the vertical movement of the UAV-UE in a finite region [h 1 , h 2 ], referred to as vertical 1D RWP as in [23] . Initially, at time instant t 0 , the UAV-UE is at an arbitrary altitude h 0 selected uniformly
. Then, at next time epoch t 1 , this UAV-UE at h 0 selects a new random
, and moves towards it (along with the spatial movement characterized by f ρn ( n )). Once the UAV-UE reaches h 1 , it repeats the same procedure to find the next destination altitude and so on. After a long running time, the steady-state altitude distribution converges to a nonuniform distribution F Z∞ (z ∞ ) [35] , where Z ∞ is a RV representing the steady state vertical location of the UAV-UE. Note that random waypoints refer to the altitude of a UAV-UE at each time epoch, which is uniformly-distributed in [h 1 , h 2 ], while vertical transitions are the differences in the UAV-UE altitude throughout its trajectory. While the random waypoints are independent and uniformly-distributed by definition, the random lengths of vertical transitions are not statistically independent. This is because the endpoint of one movement epoch is the starting point of the next epoch. In [35] , it is shown that
, where L z∞ and L denote the length z ∞ − h 1 , and the entire movement length at any given epoch, respectively.
From [35] , we have E[L] = 3 and E[L z∞ ] can be similarly derived from:
where s and d refer to the source and destination of a movement, respectively; Fig. 3(b) . Because of the symmetry of s and d, it is sufficient to restrict the calculation to epochs with s < d, and then multiply the result by a factor of 2. A necessary
Therefore, the PDF of Z ∞ is given by
and the corresponding mean is given by
Next, we will use the derived PDF f Z∞ (z ∞ ), along with the probability of handover from the previous section, to fully characterize P c (ν, µ, β) under the nearest association and CoMP transmissions.
A. Coverage Probability for Nearest Association
Next, we derive the coverage probability of a mobile UAV-UE under the nearest association scheme. Observing (22) , for a given β, we must compute P(Υ ≥ ϑ,H|r 0 ) to obtain P c (ν, µ, β).
The former probability is basically the joint event of being in coverage and no handover occurs.
We adopt the tight UB on the handover probability obtained in (14) , where P(H, r 0 ) = 1 − P(H, r 0 ) is the conditional probability of no handover. Unlike static UAV-UEs, under the 3D RWP model, both the altitude of the UAV-UE and the horizontal distance R 0 to the nearest BS are RVs. Since R 0 and Z ∞ are two independent RVs, we have
We assume that the UAV-UE has an arbitrary long trajectory that passes through nearly all SIR states. Therefore, the average SIR through a randomly selected UAV-UE trajectory is inferred from a stationary PPP analysis. This assumption, which is adopted in [40] [41] [42] for GUEs, is practically reasonable for mobile UAV-UEs such as flying taxis and delivery drones that typically have sufficiently long trajectories. Given the handover probability in (14) and the linear function in (22) , the UAV-UE coverage probability under the nearest association scheme is given below.
Theorem 2. The coverage probability of a 3D mobile UAV-UE associated with its nearest BS is
where (26) is obtained directly from (22) and Corollary 2, where the UAV-UE altitude h d is replaced with the RV z ∞ whose PDF is given in (25) . Additionally, the second term in (26) represents the joint event of no handover and being in coverage, which is computed based on P(H|r 0 , φ) in (14) .
It is clear from (26) that, if β = 1, the first term vanishes and the UAV-UE will be in coverage only if there is no handover associated with its mobility. This is because the handover will always cause connection failure. Moreover, since it is hard to directly obtain insights from (26) on the effect of the altitude z ∞ and the altitude difference , several numerical results based on (26) will be shown in Section VI to provide key practical insights. Next, we similarly derive the coverage probability of a mobile UAV-UE under CoMP transmission.
B. Coverage Probability for CoMP Transmission
Similar to Section V-A, we employ the handover probability in (20) and the linear function in (22) to obtain the coverage probability under CoMP transmission. The probability of inter-cluster handover P(H) is derived in (20) assuming that the UAV-UE moves perpendicular to the cluster boundaries. To compute P(Υ ≥ ϑ,H) in (22) , the joint PDF of the serving distances needs to be characterized given the random location of the UAV-UE along its trajectory. However, for tractability, we consider the joint serving distances when the UAV-UE horizontal projection is at the cluster center. Therefore, the obtained performance can be seen as an UB on the performance of a randomly located UAV-UE. This assumption is in line with prior work [31] and the analysis for static UAV-UEs, where we sought an UB on the coverage probability. 
Given (20) and (22), an UB on the coverage probability of a mobile UAV-UE under CoMP transmissions is obtained in the next theorem.
Theorem 3. An UB on the coverage probability of a 3D mobile UAV-UE cooperatively served via CoMP transmission from BSs within a collaboration distance R c is given by:
where P(H) = 1 − P(H) from (20), P l c|rκ,z∞ = e T K 1 , and T K is as defined in (8), with
, and
Proof. The proof follows from (22) and Theorem 1, and is analogous to Theorem 2.
The effect of β on the coverage probability in (27) can be interpreted in a similar way to the nearest association scheme in (26) . Moreover, conditioning on Z ∞ = z ∞ , and for a given β in (27) , the yielded expression holds the same insights as for static UAV-UEs in Section III-B. In particular, what the Nakagami fading parameter m l , antenna down-tilting angle, and the collaboration distance R c entail for the performance of mobile UAV-UEs is similar to the that of static UAV-UEs. Finally, a simple lower bound on the mobile UAV-UE coverage probability can be obtained similar to Corollary 1, with the detailed omitted due to space limitation.
VI. SIMULATION RESULTS AND ANALYSIS
For our simulations, we consider a network having the parameter values indicated in Table I . In Fig. 6 , we show the effect of the UAV-UE altitude and BSs' intensity on the coverage probability of static UAV-UEs, with that of GUEs plotted for comparison. Fig. 6(a) shows that the coverage probability of UAV-UEs monotonically decreases as h d increases. This is because, as the UAVUEs altitude increases, the signal power decreases while the LoS interference becomes dominant. Fig. 6 (a) also shows that the derived UB on the coverage probability in (8) is considerably tight. Meanwhile, Fig. 6(b) illustrates the effect of BSs' intensity λ b on the performance of UAV-UEs.
Except for the nearest association scheme, the coverage probability improves with λ b since more BSs cooperate to serve the aerial (and ground) UEs. However, when the UAV-UE associates to its nearest BS, the effect of interference increases as the network becomes denser.
Next, we study the impact of 3D mobility on the performance of UAV-UEs. We further compare the performance of UAV-UEs with their ground counterparts moving horizontally with the same velocityν. In Fig. 7 , the handover rate and coverage probability of mobile aerial and ground
UEs associated with their nearest BSs are investigated. Fig. 7 (a) plots the handover rate versus λ b at different values of the altitude difference . Fig. 7(a) shows that the analytical result in (11) matches the simulation result quite well. As is the case for typical Poisson-Voronoi models, the handover rate grows linearly with the square root of the BS's intensity √ λ b . Moreover, the handover rate decreases as increases, which implies that a UAV-UE having frequent up and down motions along its trajectory is susceptible to lower rates of handover. We also note that the handover rate of UAV-UEs is upper bounded by that of GUEs at = 0. Fig. 7(b) shows the effect of the UAV-UE speedν on its handover rate. 4 Intuitively, the handover rate increases asν increases since the UAV-UE stays shorter time in the area covered by each BS, i.e., shorter sojourn time. Finally, Fig. 7(c) investigates the effect of mobility on the UAV-UE coverage probability
given an arbitrary handover penalty β. Notice that the coverage probability decreases asν increases since this leads to higher handover probability (penalized by β). Moreover, the altitude difference has a marginal effect on the coverage probability of UAV-UEs. This is attributed to the fact that the increase of the altitude difference for mobile UAV-UEs while keeping the same average flying altitude L z∞ relatively yields the same average coverage probability.
In Fig. 8 , we evaluate the effect of the 3D mobility on the UAV-UE performance under CoMP transmissions. Fig. 8(a) shows that the inter-CoMP handover rate monotonically decreases as R c increases since the UAV-UE would have a longer sojourn time in each cluster. Moreover, the handover rate is shown to decrease as increases, i.e., when the UAV-UE has frequent up and down motions along its trajectory. We also note that the handover rate of UAV-UEs is upper bounded by that of GUEs, with = 0. Fig. 8(b) shows the effect of the UAV-UE velocityν on the inter-CoMP handover. We note that this handover rate also increases asν increases since the UAV-UE will have a shorter sojourn time in each cluster. Finally, Fig. 8(c) shows the effects of the UAV-UE velocity and altitude difference on the UAV-UE coverage probability. Fig. 8(c) shows that the UB on the coverage probability, characterized in Theorem 3, slightly decreases as ν increases, which corresponds to a higher handover rate (penalized by β). This slight decrease is essentially because as the inter-cluster distance becomes larger, the probability of handover decreases and its effect gradually vanishes. Similar to the nearest association scheme, the altitude difference has a minor effect on the coverage probability of UAV-UEs. In addition to its impact on the coverage probability, the mobility of UAV-UEs can decrease their throughput, particularly, when accounting for the handover execution time [42] .
VII. CONCLUSION In this paper, we have proposed a novel framework for cooperative transmission that can be leveraged to provide reliable connectivity and omnipresent mobility support for UAV-UEs. In order to analytically characterize the performance of UAV-UEs, we have employed Cauchy's inequality and moment approximation of Gamma RVs to derive upper and lower bounds on the UAV-UE coverage probability. Moreover, we have developed a novel 3D RWP model that allowed us to explore the role of UAV-UEs' mobility in cellular networks, particularly, to quantify the handover rate and the impact of their mobility on the achievable performance. For both static and mobile UAV-UEs, we have shown allowing CoMP transmission significantly improves the achievable coverage probability, e.g., from 28% for the baseline scenario with nearest serving BSs, to 60% for static UAV-UEs. Furthermore, comparing the performance of UAV-UEs to GUEs, it is shown that the coverage probability of a UAV-UE is always upper bounded by that of a GUE owing to the down-tilted antenna pattern and LoS-dominated interference for UAV-UEs.
Our results for the case of mobile UAV-UEs have also revealed that their handover rate and handover probability decrease as the altitude difference increases, i.e., in the case of frequent up and down motions of the UAV-UEs along their trajectory. Moreover, while the altitude difference has a minor effect on the coverage probability of mobile UAV-UEs, their velocity noticeably degrades their coverage probability. APPENDIX A PROOF OF THEOREM 1
We proceed to obtain an UB on the coverage probability as follows: P κP t J I out > ϑ = P κP t J > ϑI out = E Iout P κP t J > ϑI out 
where (a) follows from the PDF of Gamma RV J with parameters θ given in (6) , and K = m l κ; 1 − δ l P l (ν) − δ n P n (ν) ν dν. In [34] , it is proved that
I|rκ ( ) = where (a) follows from P (ν) 2 = P t A l G s ν 2 + h 2 −α l /2 and substituting L = P t A l G s . Let z = ν 2 + h 2 , and dz = 2ν dν, we hence get
By changing the variables y = z −α l /2 , z = y −2/α l , and dz = −2 α l y −2 α l −1 dy, and solving the reproduced integrals as in [43] , we get
where R 
The non-zero terms in T k can be then determined from: 
where (b) follows from the derivatives for hypergeometric functions: where (b) follows from averaging over ρ n whose PDF is f ρn ( n ). By changing the variables: p = z n − z n−1 , with f P (p) = −|p|
